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ABSTRACT
Buildings are one of the major energy consumers because of the need to meet occupants requirements.
The commercial/institutional sector accounted for 14% of total energy consumption in Canada in 2009
while office buildings consumed 35% of this amount. Auxiliary equipment used 19% of the total energy
consumed in office buildings. Previous studies showed the impact of occupancy behavior on IT
equipment energy consumption. This paper proposes a new method for monitoring occupant behavior and
energy consumption of IT equipment. Analyzing the resulting data can help evaluating the occupancy
behavior impact on energy saving. Two wireless sensor technologies are investigated to collect the
required data and to build an occupancy behavior estimation profile: Ultra-Wideband Real-Time Location
System for occupancy location monitoring and Zigbee wireless energy meters for monitoring the energy
consumption of IT equipment. The occupancy behavior estimation profile can be used to reduce energy
consumption based on real-time occupants’ information.
1

INTRODUCTION

Energy consumption is widely increasing all around the world resulting in a global environmental
problem. It is estimated that the world energy consumption will increase from 522 EJ in 2006 to 570 EJ in
2015 and 730 EJ in 2030 (Conti et al. 2013). Regarding the increasing demand for more realistic
prediction of operational energy use in the institutional/commercial building sector, auxiliary equipment
should not be disregarded since it typically accounts for 19% of the total energy used in this sector
(Menezes et al. 2013). Occupancy information is an important variable which enables timely reaction to
adjust energy load demands, drive a more optimized building operation schedule, and minimize energy
consumption (Yang et al. 2012). The topic of occupancy-driven management has attracted considerable
attention in academic research due to the potential energy savings. To lay the basis of occupancy-driven
system operations, different solutions have been proposed to monitor the occupants in a building.
Simulation results showed that occupancy-based control can result in 10–60% in energy saving
(Tachwali, Refai, and Fagan 2007; Sun, Wang, and Ma 2011; Erickson et al. 2010; Li et al. 2011).
However, these solutions have certain limitations in terms of their accuracy and intrusiveness. In recent
years, a few researchers have attempted to use short-term monitoring for the purpose of base lining
building energy use (Singh 2011). The objective of this paper is to monitor the behavior of building
occupants and IT equipment energy consumption in order to create an occupancy profile.
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2

LITERATURE REVIEW

Occupant behavior refers to an occupant’s movement, personal habits, and responses to his/her needs by
interacting with the building systems which have direct and decisive impacts on the energy performance
of buildings (Nguyen and Aiello 2013; Azar and Menassa 2011; Yu et al. 2011). Results from studies and
implementation by academia and industry promised saving in the range of 2.7%-55% in energy
consumption by considering occupant behavior. A number of academic studies have been done in order
to test a variety of occupancy and energy consumption monitoring systems to collect real-time data and to
create user profiles. A summary of these studies is presented in the following.
Barbato et al. (2009) used Passive Infrared (PIR) sensing to determine occupancy in their smart
building system. Delaney, O’Hare, and Ruzzelli (2009) used PIR based wireless occupancy sensors to
measure wasted energy in lighting. Erickson, Carreira-Perpinan, and Cerpa (2009) developed BODE
project based on occupancy measurement, modelling and prediction for building energy savings that
tracks users’ movements in building spaces using a camera network solution. Kamthe et al. (2009)
deployed a wireless camera sensor network for collecting data regarding occupancy in a large multifunction building constructing multivariate Gaussian and agent-based models for predicting user mobility
patterns in buildings. CO2-based occupancy detection has also been examined. This occupancy detection
system suffered from high costs and privacy issues. Martani (2012) proposed a method using a number
of Wi-Fi connections as an indicator to gauge the levels of activities within different spaces and to
measure occupancy. Li et al. (2012) proposed a system using RFID technology to detect multiple
occupants performing multiple activities (i.e., walking, seated, and standing). Harle and Hopper (2008)
installed an ultrasonic personnel tracking system that provided three dimensional tracking to form a
picture of how people work and what energy savings might reasonably be expected if device ‘idling’ can
be presented. Kamthe et al. (2009) deployed a wireless camera sensor network for collecting data
regarding occupancy in a large multi-function building constructing multivariate Gaussian and agentbased models for predicting user mobility patterns.
Some researchers used a combination of two methods to improve the accuracy of occupancy
detection. Agarwal et al. (2010) introduced LIGHTing using two common sensing devices: (1) a light
detector and (2) PIR sensor to detect people presence and to obtain a binary indication of occupancy
(presence/absence). Newsham and Birt (2010) developed the Autoregressive Integrated Moving
Average (ARIMA) model to forecast the power demand of the building. ARIMA uses contact closure
sensors, PIR motion sensors, and a carbon-dioxide sensor. Padmanabh et al. (2009) studied the iSense
system to recognize two states of a conference room (meeting state and no meeting state) by using a
network of wireless microphones, PIR, and light and temperature sensors. Dong and Andrews (2009)
used motion, CO2 and acoustic sensors to detect occupancy.
Ultra-wideband technology (UWB) involves transmission of very short pulses over a very wide band
of frequencies. UWB Real-Time Location Systems (RTLSs) have an accuracy of approximately 15 cm.
UWB has the ability to carry signals through doors and other obstacles that tend to reflect signals at more
limited bandwidths and a higher power. With conventional radio signals, reflections in congested
environments distort the direct path signals, making accurate pulse timing difficult. While with UWB, the
direct path signal can be distinguished from the reflections, making pulse timing easier (Ubisense 2013).
Spataru and Gillott (2012) monitored and analyzed occupancy activities and equipment energy
consumption in a test house using a UWB. They also measured and monitored the energy consumption in
the house using a whole house circuit and appliance meters.
3

METHODOLOGY

Figure 1 illustrates the different data sources that can be used to analyze the occupancy behavior based on
the locations of the occupants of an office and their IT equipment and energy consumption. The following
are the main data sources: (1) An UWB provides the identity and the location of the occupants at different
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points of time. By analyzing the UWB RTLS data, the following question can be answered: How many
people are in the office for a specific time? Who is where and for how long at any time? In other words
we can obtain occupants’ detection, identification and localization. (2) Energy meters provide real-time
equipment energy consumption data simultaneously providing the answers for the following question:
Which device is using how much energy at specific times? By combining the location data and energy
consumption data, the answers for the following questions can be also found: Who is doing what? How
much energy is used by each occupant? How much energy is wasted by each occupant? (3) The BIM
model of the office includes architectural elements, furniture, IT equipment, and wireless sensor networks
to evaluate occupant behavior. Each occupant is assigned to a specific zone within the office that includes
the IT equipment used by that occupant. Occupancy profiles can be constructed from the UWB data.
An experimental study with the objective of monitoring IT equipment energy consumption and
occupant behavior is proposed in order to minimize energy consumption in office buildings. To evaluate
the impact of occupancy behavior on IT equipment energy consumption, a test in one of the research
offices at Concordia university is carried out for one week to collect the required data as a sample to
create office occupancy profile. Two wireless sensor technologies are used for monitoring occupant
behavior and energy consumption of IT equipment (i.e., monitors, computers, and printers). UWB RTLS
is used for occupancy location monitoring and Zigbee wireless energy meters are used for monitoring the
energy consumption of IT equipment. UWB provides the identity and location of occupants at short time
intervals. The occupants are required to wear UWB tags during the test. On the other hand, energy meters
provide instantaneous and cumulative equipment energy consumption data simultaneously providing the
information of how much energy is consumed by each device. Energy meters should be attached to the IT
equipment in the office which are in use by the occupants.
The update rate for UWB and Zigbee energy meters should be in the same range (e.g., one reading
per minute). In this test the update rate is set in accordance with the occupants movements duration and
energy consumption reading fluctuations. For example, printing a few papers may take about one minute
and occupants movement within the room to collect the printed papers may also take about one minute.
The data recorded by the UWB logger can be used to create the daily and weekly users’ profiles.
Assuming that the occupants’ pattern of using the space and IT equipment is constant throughout a certain
period of time, these profiles can be used to estimate the long-term energy consumption. The overall
occupancy profiles were created based on the collected data of the occupants of the office on an hourly
basis for each day during the test week and different occupancy maps and charts for each day were
created. Although the overall occupancy profiles contain valuable information, probabilistic individual
occupancy profiles can be also useful to identify the specific needs of each occupant. To find the
probability of occupancy, location data were categorized based on the IDs and a profile was created for
each occupant. The profiles include the time each user was present in the office in every hour in different
days. This procedure is summarized in Figure 2.
The office area is divided into different zones. Each occupant is assigned to a specific zone within the
office which are defined based on occupant’s zone that includes the IT equipment used by that occupant
as shown in Figure 6 (b). For each time step, there are three possible states for each occupant: (1) in the
office and within his/her zone, (2) in the office but not in his/her zone, and (3) absent. Each of these states
has an impact on the likelihood of energy consumption. Energy consumption is most likely to occur
during state 1. When an occupant is in state 2 or absent, it is important to find out if any energy
consumption has occurred or not. Figure 3 shows the procedure of calculating the total waste of energy
periods. In the first step, there are two possibilities, whether the occupant was in the office or not. The
presence of the occupant in the office would result into one of these following scenarios which are being
in his/her zone or out of zone. Next, there is the possibility of waste of energy during the times in which
the occupant was in the office but not in his/her zone and the equipment was on. On the other hand, if the
occupant is absent or out of his/her zone the possibility of waste of energy may occur if the equipment
assigned to the occupant was on assuming that the computer is not used for extensive computation.

1110

Masoudifar, Hammad, and Rezaee

Data Resources

Energy Meters

Where

BIM

How
Much

What

RTLS

Who

When

Where

When

Figure 2:
Procedure to find the
probabilistic individual occupancy profiles.

Figure 1: Data resources.
Start

Yes

User in office?

No

T1+1

Yes

T2+1

User in
zone?

T3+1

No

Yes

T4+1

T5+1

Equipment
on?

No

(a)
(b)
Figure 4: (a) UWB sensor, (b) UWB slim tag
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4
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(b)
Figure 5: (a) Zigbee gateway, and (b) Zigbee
energy meter (Smartenit, 2013).

IMPLEMENTATION

The key components of the UWB RTLSs are: Tags, sensors, network components, and platform server.
The sensors and tags are illustrated in Figures 4(a) and (b), respectively. The sensors detect the signals
and calculate the positions of the tags. The sensors used in the test are placed above the detection area in
which the tags are tracked and are arranged to work in a location engine cell. Each cell has a single master
sensor and a number of slave sensors. The location engine cell divides time into time slots and allocates
appropriate time slots to the tags according to their requested update rate (Ubisense 2013).
Zigbee is the wireless technology used to monitor energy consumption of IT equipment in the
test. ZigBee Home Automation offers a global standard for interoperable products enabling smart homes
that can control appliances, lighting, environment, energy management and security, as well as the
expandability to connect with other ZigBee networks. A Home Area Network (HAN) of smart appliances
that support the ZigBee Smart Energy standard ensures the integration and interoperability with smart
energy devices (ZigBee 2013). A ZigBee gateway and an energy meter are shown in Figures 5(a) and (b),
respectively. The Zigbee gateway provides a means to access the Zigbee network remotely via the
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Internet whereas the Zigbee energy meters enable remote control and energy monitoring of appliances.
The energy meters join the network as a ZigBee router and then facilitate the joining of other devices,
thus extending the entire network (Smartenit 2013).
The Zigbee energy meters and UWB data must be separately processed to provide the location and
energy measurement data, respectively. The data can be fused to understand the occupants energy
consumption paterns. In this test, the logger applications gather location and the IT equipment energy
consumption data into CV-based Excel sheets. Furthermore, some processing is required to provide the
UWB and Zigbee energy meters datasets which are aligned in terms of time such as: data
synchronization, averaging (one reading per minute), and filtering (false readings). This processing
assures providing reliable data for the analysis. Since a huge amount of information is saved in Excel
files, to improve the efficiency and convenience, Visual Basic for Application (VBA) is used. VBA is an
effective tool to automate the frequently used repetitive calculations. The advantage of using VBA in data
processing and the visualization of test data is that it provides a tool to automatically generate customized
reports, charts (occupancy charts and maps and energy consumption charts).
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Figure 6: Layout of implementation of wireless sensor networks.

Figure 7: Sample location raw data.
5

Figure 8: Sample Zigbee energy meters raw data.

CASE STUDY

A case study was carried out to demonstrate the feasibility of the proposed method.
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5.1

Test Design and Data Acquisition

The test has been carried out for a week of data acquisition from four office occupants wearing slim tags.
Four tags with an individual update rate of 2 readings per minute are registered in the Ubisense Location
Engine and then selected in the logger application for logging. Simultaneously, energy meters were
attached to the occupants’ IT equipment with an individual update rate of 1 reading per 45 seconds. The
layout of implementing these wireless sensor networks is shown in Figures 6(a) and (b). The energy
meters were attached to the IT equipment four monitors, four computers, and a printer. The specifications
of the equipment are listed in Table 1. The layout of implementing UWB sensors is shown in Figure 6(a).
A sensor cell, consisting of four sensors and four tags, was used to log the data. Four sensors were fixed
at the four corners of the office ceiling and were connected with data and timing cables. The power of the
sensors was supplied by a Power over Ethernet (PoE) switch. Timing cables were used to connect the
sensors to synchronize the signals from a tag to different sensors. The sensors were calibrated using a tag
as a reference point with a known position. The solid lines show the data cables connecting the sensors
with the PoE switch, whereas the dotted lines show the timing cables. Figure 6(b) shows the layout of
implementing Zigbee energy meters. A wireless Zigbee energy meter network including a gateway and
nine energy meters was used to measure energy consumption of IT equipment.
5.2

Location Data Processing and Analysis

As shown in Figure 7, occupants’ 2D location and time data were logged including the UWB Tag ID,
coordinates, date, and time in each of the readings. Figure 8 shows a sample IT equipment energy
consumption data including device ID, date and time, instantaneous energy consumption and cumulative
energy consumption.
5.2.1

Occupancy Maps

A worksheet was developed in Excel to analyze and visualize the collected data. Occupancy maps were
created to show occupants’ locations in the office based on UWB coordinates (X, Y) during each day of
the test period. As shown in Figure 9, each symbol indicates one of the occupants (i.e. S, M, L, and N)
and each point indicates the location of a specific occupant at a certain time (i.e. every minute). The
distribution of occupants’ locations in each map demonstrates the variety of occupants’ presence and
locations in every day of the week. For example, all occupants came to the office during weekdays except
occupant S who was absent on Monday. During the weekends, occupant L did not come to the office
while occupant N came on both days and occupant M and S came on Saturday and Sunday, respectively.
The number and the density of each occupants’ locations show the length of the time that they were on
the office. However, it is not possible to determine the times at which each occupant was in the office
from these occupancy maps.
5.2.2

Occupancy Charts

Charts were developed to illustrate occupants’ daily presence as shown in Figure 10. The charts show that
the occupants left the office many times during the day and sometimes they only came to the office for a
few minutes (e.g. occupant L at around6 PM on Monday). Moreover, they had different daily patterns for
the times they came and left the office. For example, occupant S came to the office at around noon and
was the last one who left the office on Friday. On the other hand, on weekend days, only two occupants
came to the office on each day and stayed for a short period of time. Occupant N came to the office every
day and spent more time in the office compared to others.
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Figure 9: Occupancy map.

Figure 10: Occupancy charts.
5.2.3

Occupancy Profile

As explained in Section 3, the data gained from the UWB occupancy monitoring are used to create
the daily and weekly user’s profiles. Figure 11 shows the overall occupancy in the office for each hour of
different days in the week considering all the occupants. For example, a value of 100% at 10 AM on
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Wednesday means that all the occupants are expected to be in the office during that hour. As expected, a
decrease in the number of occupants can be seen during the weekend. Figures 12(a) and (b) show the
histograms of probabilistic individual occupancy profiles for each occupant in weekdays and weekend
days. For example there is a 20% probability to find user S in the office at 10:00 AM in weekdays.
5.3

Zigbee Energy Meters Data Processing

Figure 13 shows daily electricity consumption for different monitors for different days of the week. The
horizontal axis represents the time of day, whilst the vertical axis illustrates the cumulative energy
consumption for monitors. The slope of the curve illustrates the energy consumption for each monitor;
The steeper the slope, the greater the rate of energy consumption. For example, on Monday, we can see
the slope of the curves for different monitors are different. Analyzing energy consumption data showed
that computers and monitors with different specifications consumed different amounts of energy. The size
and brand of the monitors have an effect on their energy consumption. Comparing the information from
Table 1 with the measured energy consumption demonstrated that monitors with bigger screens consumed
more energy than the ones with smaller screens. For instance in Figure 13 it is shown that the 19″ monitor
of occupant N consumed approximately 60% less energy than the 24″ monitor of occupant S. However,
although occupant L’s monitor is smaller than that of the occupant N, it consumed more energy because it
is an old monitor. Another point that can be obtained from the graphs is that occupant N never turned off
her monitor during the test.
Similar graphs were created for energy consumption for computers. Comparing the slopes in Figure
14 indicates that the computers for occupants S, M and L had almost the same energy consumption whilst
occupant N’s computer, which is a newer system, used less. Focusing on the graph corresponding to
Saturday and Sunday shows that occupant L turned off his computer during the weekend while the other
computers were on. Moreover, monitors energy consumption varied regarding the percentage of
brightness (i.e. 100%, 70%, 50%, 20%, 10%.) as shown in Figure 15.
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Figure 11: Overall occupancy profile.
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(a) weekdays

(b) weekend days

Figure 12: Probabilistic individual occupancy profiles.

Figure 13: Energy consumption of monitors.

Figure 14: Energy consumption of monitors.
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Table 1: IT equipment specifications.
Equipment

Computer

Monitor

Figure 15: Comparisons between
monitors energy consumption.
5.4

Printer

Specifications
Dell Precision
T3500
Dell AS501
Dell Precision
T3500
HP Z210
Dell AX510, 23
inch
Dell AS501, 24
inch
IBM 9494, 18.1
inch
Dell1908FPc, 19
inch
HP Laserjet
P2055dn

Energy
meters
P1
P2
P3
P4
P5
P6
P7
P8
P9

General Observations

Monday was selected as a sample for the observations. Regarding the occupancy chart, Figure 10,
occupant L, N, and M entered the office at around 9:30 AM, 11 AM, and 5 PM, respectively. It seems that
L left the office from 1 to 2 PM for lunch while N went for lunch at 12:30 PM and came back at 1:00 PM.
L left the office in the evening at 7 PM. N left at around 10 PM and M stayed in the office for about 4
hours. Observing the energy consumption chart for monitors, it is shown in Figure 13 that L’s monitor
was on since 10 AM until 7 PM. Moreover, regarding Figure 14, L’s computer was on all day long. S’s
monitor was on from noon until about 8 PM resulting in a rise in his monitor energy consumption and his
computer was on all day long although he was not in the office on Monday. Looking at occupancy map in
Figure 9, it is shown that L was in S’s zone for a period of time and probably was using his equipment
resulting in increasing its energy consumption.
In order to calculate the waste of energy related to occupants’ behavior, we chose occupant L
behavior on Monday. As explained in Section 3 in order to calculate the total waste of energy during this
day, first the time L was in the office has been calculated (T1=291 m). Within this time, he spent T3=243
m in his zone and T4=48 m out of his zone. He turned on his monitor once he arrived to the office and
turned it off when he left the office while his computer was running all day long. Therefore, during the
time he was in the office and he was in his zone, his monitor and computer were on for a period T7=48 m.
Moreover, his equipment were running during the time he was not in the office between 9:35 AM and
6:38 PM. In addition his computer was running even after he left the office till next day. Table 2 shows
the summary of the calculation of waste of energy. In conclusion, it is estimated that if occupant L turned
off his monitor and computer during the time he was not in the office or in his zone, about 0.38 kwh and
6.58 kwh have been saved, respectively.
6

CONCLUSIONS AND FUTURE WORK

This paper proposed a new method for monitoring occupant behavior and energy consumption of IT
equipment. Analyzing the resulting data can help evaluating the occupancy behavior impact on energy
saving. Two wireless sensor technologies were investigated to collect the required data and to build an
occupancy behavior estimation profile: Ultra-Wideband Real-Time Location System for occupancy
location monitoring and Zigbee wireless energy meters for monitoring the energy consumption of IT
equipment. The estimated occupancy profile can be used to reduce energy consumption based on real-
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time occupants’ information. In the future work, this profile can be used to proactively optimize the
building energy consumption while responding to comfort preferences of the occupants and to support the
implementation of demand-driven HVAC, lighting, and IT equipment operations.
Table 2: Time and KWh waste of energy.

Monitor
Computer

Occupant in office (min)
Occupant in zone
Not in zone
Eq. ON Eq. OFF Eq. ON Eq. OFF
243
0
48
0
243
0
48
0

Occupant not in
office (min)
Eq. ON
Eq. OFF
246
903
1149
0

Total time of
waste of energy
(min)

KWh of
waste of
energy

48+246=294
1149+48=1197

0.38
6.58
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